Abstract. Online communities such as forums, general purpose social networking and dating sites, have rapidly become one of the important data sources for analysis of human behavior fostering research in different scientific domains such as computer science, psychology, anthropology, and social science. The key component of most of the online communities and Social Networking Sites (SNS) in particular, is the user profile, which plays a role of a self-advertisement in the aggregated form. While some scientists investigate privacy implications of information disclosure, others test or generate social and behavioral hypotheses based on the information provided by users in their profiles or by interviewing members of these SNS. In this paper, we apply a number of analytical procedures on a large-scale SNS dataset of 10 million public profiles with more than 40 different attributes from one of the largest dating sites in the Russian segment of the Internet to explore similarities and differences in patterns of self-disclosure. Particularly, we build gender classification models for the residents of the 35 most active countries, and investigate differences between genders within and across countries. The results show that while Russian language and culture are unifying factors for people's interaction on the dating site, the patterns of self-disclosure are different across countries. Some geographically close countries exhibit higher similarity between patterns of self-disclosure which was also confirmed by studies on cross-cultural differences and personality traits. To the best of our knowledge, this is the first attempt to conduct a large-scale analysis of SNS profiles, emphasize gender differences on a country level, investigate patterns of self-disclosure and to provide exact rules that characterize genders within and across countries.
Introduction
Rapid technological development of the Internet in recent years and its worldwide availability has changed the way people communicate with each other. Social Networking Sites such as Facebook or MySpace gained huge popularity worldwide, having hundreds of millions of registered users. A major reason for the increased popularity is based on social interaction, e.g. networking with friends, establishing new friendships, creation of virtual communities of mutual interests, sharing ideas, open discussions, collaboration with others on different topics or even playing games. The key component of all SNSs is the user profile, in which the person cannot only post personal data, e.g. name, gender, age, address, but also has the opportunity to display other aspects of life, such as personal interests, (hobbies, music, movies, books), political views, and intimate information. Photos and videos are equally important for a self-description. All SNSs allow the user to upload at least one photo. Most mainstream SNSs also feature video uploading.
Various research communities have realized the potential of analysis of the SNS-phenomenon and its implication on society from different perspectives such as law [1] , privacy [2] [3] [4] , social interaction and theories [5] [6] [7] [8] [9] . Many hypotheses and social theories (gender and age differences, self-disclosure and self-presentation) have been raised and tested by social scientists using the context of Social Networks. Statistical analysis is the widely used instrument for analysis among social scientists and rely on the sampling rather than on data collected from an entire population segment.
The common approach to perform Social Network analysis is to analyze a sample of available user profiles or to conduct a survey using convenience samples (e.g. students in a particular university) by presenting descriptive statistics of the sample data and performing significance tests between dependent variables [2, 10, 3, 8] . The major drawback of such approach with respect to Social Networks is that in light of the large population of SNSs, which can vary from tens to hundreds of millions of users, living in all parts of the world, the results of the statistical analysis cannot be generalized for the whole population of users or a single nation or a single culture or genders, while theories can hardly be validated using only small samples. Moreover, Social Networks are heterogeneous systems in a sense that people may form closed sub-groups on different levels like country of living, national, or cultural with minimum interaction with other sub-groups and develop communication and self-presentational styles that are completely different from others due to cultural or national differences. For example, due to cultural differences, a theory of self-disclosure tested on students from American universities may be not be applicable to information obtained from students of Chinese universities, even if both groups use the same Social Networking Site. To the best of our knowledge, the state of the art Social Science research of Social Networks does not take into account the spatial or cultural components for the analysis of self-presentation differences (presumably due to the lack of sufficient data and difficulty involved in conducting cross-country studies).
Although, the problem and the importance of space and place in the Social Sciences was already highlighted a decade ago [11] , this knowledge gap was not closed until to date. Therefore, in order to improve our understanding of social behavior, to analyze, to find hidden behavioral patterns not visible at smaller scales, and to build new theories of large heterogeneous social systems like Social Networks, other approaches and computational techniques should be applied [12] .
In this paper, we answer the following hypothetical question: "Can we find some hidden behavioral patterns from user profiles in the large-scale SNS data beyond mere descriptive statistics?" We answer this question by applying a classification algorithm to the data obtained from more than 10 million profiles having more than 40 different attributes extracted from one of the largest dating sites in the Russian segment of the Internet. Specifically, we build gender classification models for most active countries and investigate what are particular differences between genders in one country and what are the differences in patterns of self-disclosure across countries. Self-disclosure can be defined as any information about himself/herself which a person communicates to others [13] . In the context of the current study, it refers to the information communicated by means of a person's online profile.
Dating sites can be considered as a special type of social networks where members are engaged in development of romantic relationship. Information revealed in the users' profiles is an important aspect for the assessment of potential communication, for maximizing the chances for online dating for the owner of the profile, and for minimizing the risks (e.g. misrepresentation) of online dating for the viewer of the profile. For this reason, in the broad context, assuming that the goal of the member of a dating site is to find a romantic partner, we investigate patterns of self-presentation that can vary from country to country and differ for both genders.
The preliminary results suggest that the classification model can successfully be used for analysis of gender differences between users of SNSs using information extracted from user profiles that usually contain tens of different categorical and numerical attributes.
To the best of our knowledge, this is the first attempt to conduct a large-scale analysis of SNS profiles for comparing gender differences on a country level using data mining approaches in the Social Science context.
Related Work
Gender differences have been studied long before the Internet became widely available. However, with the technological development of the Internet and proliferation of Social Networks, the research has focused on the analysis of online communities and differences between their members. Many studies were performed in the context of Internet use [14, 15] , online relationships [5] , ethnic identity [8] , blogging [10] , self-disclosure and privacy [2] [3] [4] . Though we could not find any related work on large-scale analysis of gender differences in social networks (except for [4] ), we are going to review here some of the recent, mostly small-scale studies and findings about gender differences in social networking sites.
Information revelation, privacy issues and demographic differences between Facebook users were examined in [2] and [3] . [2] interviewed 294 students and obtained their profiles from Facebook. The goal of the survey was to assess the privacy attitudes, awareness of the members of the SNS to privacy issues, and the amount and type of information the users revealed in their profiles. It was found that there was no difference between males and females with respect to their privacy attitudes and the likelihood of providing certain information. Likewise, there was no difference between genders in information revelation. If some information is provided, it is likely to be complete and accurate. However, female students were less likely to provide their sexual orientation, personal address and cell phone number. [3] interviewed 77 students to investigate different behavioral aspects like information revelation, frequency of Facebook use, personal network size, privacy concerns and privacy protection strategies. Again, there were almost no differences between female and male respondents in the amount and type of the information revealed in their profiles. [4] analyzed about 30 million profiles from five social networks of Runet and conducted a survey among Russian speaking population to cross-check the finding extracted from the profiles and assess privacy concerns of members of Russian social networks. It was shown that there were differences between type of revealed information between females and males and these differences conditioned on the reported country of residence (20 most populous countries were presented). Particularly, males disclosed more intimate information regardless of their country of origin. However, the country with the highest difference in the amount of disclosed intimate information was Russia (20.67%) and the lowest was Spain (5.59%). In addition, females from 17 countries revealed more information about having or not having children, economic and marital status, and religion. The only exceptions were females in Russia, Israel and England.
Social capital divide between teenagers and old people, and similarities in the use of the SNS were studied in [7] using profiles from MySpace social network. The results of the analysis indicate, among other criteria, that female teenagers are more involved in the online social interaction than male teenagers. Likewise, statistical tests showed that older women received more comments than older men. Additionally, linguistic analysis of user messages showed that females include more self-descriptive words in their profiles than males. Friendship connections, age and gender were analyzed in [6] using 15, 043 MySpace profiles. The results showed that female members had more friends and were more likely interested in friendship than males, but males were more likely to be interested in dating and serious relationships. In the study that analyzed emotions expressed in comments [9] , it was found that females sent and received more emotional messages than males. However, no difference between genders was found with respect to negative emotions contained in messages.
Online dating communities are typically treated differently because goals of the dating sites are much more limited in terms of connection development and often bear intimate context, which for the most part shifts to the offline context. Issues such as honesty, deception, misrepresentation, credibility assessment, and credibility demonstration, are more important in the dating context than in the context of general purpose social networks. Researchers are particularly interested in the analysis of self-presentation and self-disclosure strategies of the members of dating sites for achieving their goal to successfully find a romantic partner. The authors of [5] interviewed 349 members of a large dating site to investigate their goals on the site, how they construct their profiles, what type of information they disclose, how they assess credibility of others and how they form new relationships. The study found that cues presented in the users' profiles were very important for establishing connections. These cues included very well-written profiles, lack of spelling errors and uploaded photos. The last time the user was online considered to be one of the factors of reliability. Most of the respondents reported that they provided accurate information about themselves in the profiles.
Data
The data used in this paper was collected from one of the largest dating sites in Runet: Mamba 1 . According to the site's own statistics (June 3, 2010), there are 13, 198, 277 million registered users and searchable 8, 078, 130 profiles. The main features of the service is the user profile and search option that allows searching for people by country, gender, age and other relevant attributes. The friend list is discrete, so other registered users cannot know with whom a user is chatting. The friend list is implicitly created when the user receives a message from another user. There are no means to block unwanted users before they send a message. However, users get a real status by sending a free SMS to the service provider and confirming his/her mobile phone number. This allows the users with the real status to communicate with and get messages only from the real people. The user may exclude his/her profile from being searchable, but most of the profiles are searchable and accessible to unregistered users.
The user profile consists of six sections, where each section can be activated or deactivated by the user. Table 1 shows the names of sections and attribute parameters available in every section. We excluded the About me section, in which the user can describe himself in an open form, some intimate attributes of the Sexual preference section and the option to add multimedia (photos or videos). The attributes are divided into two categories. In the first category, only one value can be selected for the attribute (denoted as "yes" in the Single selection column), other attributes contain multiple selections (denotes as "no" in the Single selection column). Most of the attributes also contain an additional free text field that allows the user to provide his/her own answer. If the user decides not to fill in some field, the attribute won't be visible in his/her profile. The user can extend his/her main profile by filling two surveys. The one survey is provided by MonAmour site 2 , owned by Mamba and contains about 100 different questions that estimate the psychological type of the respondent according to four components scaled from 0 to 100: Spontaneity, Flexibility, Sociability, Emotions. Another survey is internal and contains 40 open questions like Education, Favorite Musician, etc 3 . In order to collect the data, we developed a two-pass crawler written in C#. In the first pass the crawler repeatedly scans all searchable users which results in a collection of a basic information about the user such as user id, profile URL, number of photos in the profile, and country and city of residence. In the second pass, the crawler downloads the user's profile, checks if it is not blocked by the service provider and extracts all the relevant information, which is described in Table 1 .
Within a two-month period, between March and June 2010, we extracted information from 13,187,295 millions users, where 1,948,656 million profiles were blocked, leaving us with 11,238,639 million valid profiles. 
Methodology
In this section we describe the data mining process that includes data selection, data transformation and model construction.
Data selection
The data preparation and selection is very crucial for the data mining process. If sampled data is not a representative of the whole dataset, the data mining process will fail to discover the real patterns. Another aspect of data preparation is related to user profiles. As was already discussed in Sections 1 and 2, the ultimate goal of members of the dating site is to find a romantic partner. Since this kind of activity may involve elements of intimacy, persons employ different strategies to balance the desire to reveal information about themselves and stay anonymous (for example, the profile without a photo). Moreover, many people may run several user profiles for different purposes. In order to minimize the impact of fake profiles (e.g. empty profiles or profiles containing the minimal amount of information) on the pattern mining, we employed a four level filtering process. First, the profiles of persons who filled the external survey on the MonAmour site (described in Section 3) were retrieved. Since the respondent should answer about 100 questions, it is unlikely that the person has non-serious intentions on the dating site. Second, we retrieved profiles who filled additional external survey that includes about 40 questions. Next, the users with the status "real" were retrieved and finally, the users who uploaded at least one photo and no more than one hundred photos were extracted. Table 2 shows the demographic statistics by country and gender. It also shows how many profiles were selected for mining and the resulted percentage of females and males in the selected instances. The selected age range was from 18 to 73.
Data transformation
Almost all the attributes described in Table 1 were selected for inclusion into the model (except for Weight, Height, and Mobile Phone). Numerical attributes such as age, number of photos and number of words used in the "About me" section were discretized. The age was discretized into ten equal size bins. We analyzed the distribution of photos and words in "About me" section individually for females and males. Based on the data distribution, the number of photos was divided into three categories: none if no photo was uploaded by the user, normal if the number of photos was between 1 and 8 for females and between 1 and 6 for males, high if the number of photos was between 9 and 16 for females and between 7 and 10 for males, very high if the number of photos was larger than 16 for females and larger than 10 for males. The number of words used in the "About me" section was divided into three categories: none if nothing was written, normal if the number of words was between 1 and 24 for females and between 1 and 22 for males, high if the number of words was between 25 and 260 for females and between 23 and 243 for males, very high if the number of photos was larger than 260 for females and larger than 243 for males. Attributes such as Car, Languages, Religion, Leisure, Interests, Sports, Music and attributes describing body characteristics whose exact values are not important for classification but only the fact of their disclosure in a profile, were encoded as binary attributes: if the information about any of these attributes was revealed, it was encoded as True, otherwise it was treated as False. On the other hand, attributes, whose values are used for classification were encoded as multi-valued categorical attributes. For example, the Marriage attribute has four explicit options and one implicit no answer. In this case the four options were encoded like 1,2,3,4, and 0 in the case of non-disclosure. Another group of attributes that may take more than one value (when the user chooses more than one answer) was decomposed into separate binary attributes representing distinct categories. For example, the user can select any of the 5 different categories related to the aim on the site (Aim attribute). In case a person selects some category, a binary True is assigned to that attribute, otherwise False is assigned (Aim not disclosed). Two binary attributes that were composed from the Looking for, namely Looking for a man and Looking for a woman were removed since they are found in the majority of profiles, highly correlated with the opposite gender and trivial in terms of gender classification.
Model construction
Our research hypothesis is that specific gender differences exist on the country level as well as there are differences between the same-genders in different countries. The differences should be expressed in specificity of attributes and values that describe the gender. In other words, we hypothesize that profiles of females and males living in the same country have unique characteristics, which characterize the gender of the owner of the profile. In addition, we hypothesize that, although the main characteristic of the users of the featured dating site is Russian language, cultural and national differences impact the characteristics of user profiles even for people of the same gender across countries. In our study, the data mining process that can capture unique characteristics of the genders is based on decision tree learning, which constructs a classification model using input variables for prediction of the target class value (gender in our case).
We applied C4.5, a popular decision tree induction algorithm [16] to the sampled data for every country with the gender as a binary class attribute, using Weka data mining package [17] .
Here is a general outline of the algorithm:
-Tree is constructed in a top-down recursive divide-and-conquer manner.
-At start, all the training examples are at the root.
-Attributes are categorical or continuous-valued.
-Examples are partitioned recursively based on selected attributes.
-Split attributes are selected on the basis of a heuristic or statistical measure (in our experiments, we have used information gain). -The complete tree can be post-pruned to avoid overfitting.
A decision tree can be easily converted into a set of classification rules (one rule per each terminal node). Tables 5 and 6 show examples of classification rules extracted from the induced decision trees. We left all the options in the default state namely: the minimum number of instances per leaf was 2, pruned decision tree, 0.25 pruning confidence factor. Table 3 shows the total number of classification rules and the number of rules by gender generated for every country. 
Analysis
The purpose of this section is to analyze the data and the model described in Section 4. We apply a number of analytical steps to test our hypotheses that there are differences between genders and that these differences are countrydependent. The analytical steps are:
(1) Analysis of the sampled data (2) Analysis of the quantity of rules that classify females and males (3) Cross-country similarity (4) Gender characterization
Data Analysis
As was mentioned in Section 2, we applied four filtering steps to minimize the effect of false profiles. By inspecting the initial and resulting number of females and males (Table 2) , we can deduce cross-country differences on the gender level. Russia, Poland, England, Latvia, Lithuania, Kazakhstan, Ukraine, and Estonia are countries in which the number of female users outnumber male users. The difference is as large as 30% for Russia and Poland and as small as 4% in Ukraine and Estonia. After applying the four filtering steps, only Latvia remains a single country among the eight mentioned above where the number of females still outnumber male users, however, the difference decreases from 18% to 6%. Since the number of people that do not have photos in their profile is much larger than the number of people who do not meet the requirement of the first three filtering steps, we may conclude that more females do not have photos in their profiles. As the photo is one of the important components of a dating site, we can also assume that male users apply more efforts to find romantic partner than females or that female users would likely establish a relationship independent of physical appearances.
Uzbekistan, Georgia, Turkey and Tajikistan are the four countries that stand out in the difference between the number of male and female users: Uzbekistan (56%), Georgia (60%), Turkey (68%), Tajikistan (72%). This number does not almost change after applying the filtering step. Armenia, Poland, Russia, Tajikistan, England, Azerbaijan, Kazakhstan, Uzbekistan, Lithuania, and Georgia lose more than 50% of users, while Greece, Ireland, and Italy lose less than 30% after applying the filtering process.
Model Analysis
We use several different metrics to analyze gender differences in homogeneity and heterogeneity as well as variability of information revealed in user profiles by analyzing classification rules. The metrics, presented in Table 4 , include the average amount of male/female members per rule (larger numbers indicate higher homogeneity), the number of male/female rules that cover 90% of the instances in the sampled dataset (larger numbers indicate higher heterogeneity), and the ratio of the number of male/female rules to the entire male/female population (larger numbers indicate higher variability). We also compute the difference between the male and the female rule ratios.
The inspection of the average number of female and male users that are classified per one rule ( Table 4 ), shows that there are only three countries Latvia (4%), Lithuania (1%), and Ukraine (1%), in which the average number of females classified per rule is larger than in the other 32 countries. Such countries as Tajikistan (28%), Uzbekistan (33%), Armenia (40%), Georgia (42%), Azerbaijan (65%), and Turkey (80%) are countries with the largest difference between the average number of female and male users classified per rule out of 32 countries where the average number of males per rule outnumber females. However, in 31 countries the number of rules that cover 90% of the population is larger for females with the greatest difference in Azerbaijan (71%), Bulgaria (66%), Turkey (66%), Uzbekistan (65%), Georgia (65%), Poland (53%), Greece (51%), while Finland (4%), Estonia (9%), Lithuania (10%), Latvia (29%) are the only four countries where the number of rules that cover 90% of the population is larger for males. This finding may suggest that female users are more creative in profile construction and provide more heterogeneous information about themselves, while males reveal more homogeneous information to describe themselves. This is also supported if we inspect the amount of rules generated for females and males relative to the number of females and males in the data set ( Table 4 ). The amount of rules in the percentage relationship is higher in 32 cases for females. The highest relative amount of rules for female population is in Sweden (10.92%), Poland (11.13%), Belgium (10.45%), Czech Republic (10.11%) and the lowest in Ukraine (2.96%) and Russia (2.53%). For the male population, the highest relative amount of rules is observed in Czech Rupublic (8.36%), Lithuania (7.19%), Latvia (6.55%), and the lowest in Azerbaijan (1.18%) and Turkey (0.98%).
Another interesting observation are cross-country and cross-gender variabilities of the relative amount of rules. The difference between the highest (Sweden) and the lowest (Russia) relative amount of rules for females is 9.39%, while the difference between the highest (Czech Republic) and the lowest (Turkey) relative amount of rules for males is 7.38%. If we assume that information disclosed in the users' profile is a deliberate and considerate act that also reflects personal traits of a person (otherwise the profile would have been randomly filled) and the variability of rules shows the variability in different facets of personal traits then our observation of cross-country variability between females and males in relative amount of rules is orthogonal to previous studies. For example, [18] showed that the considerable gender differences in personality traits are among European and American cultures, whereas the miniscule differences are among African and Asian cultures. In our case, the highest cross-gender difference in the relative amount of rules is in Tajikistan (6.20%), which is an Asian country, Sweden (6.01%), and Norway (5.33%) while the lowest is in Estonia (0.06%) and Ukraine (0.04%). Other Asian countries such as Azerbaijan (3.92%) or Turkey (3.48) are ranked on the seventh and tenth place, respectively among the countries with highest variability of the 35 countries we analyzed. Consequently, our results indicate that the gender differences are not emphasized by the Russianspeaking users in masculine countries [19] . The Masculine Index of scandinavian countries is very low according to Hofstede Masculine Index [20] , while Sweden and Norway share the second and the third places in the magnitude in differences between females and males. However, these differences may be attributed to the fact that the Swedish and Norwegian Russian-speaking members of the dating site have a stronger influence of their original culture rather than the culture of their current residence.
Any decision tree construction algorithm builds rules by determining the best attributes that build up the tree. The attribute at the root of the tree is the first attribute selected and, thus, is the best in the classification model to discriminate between genders. Inspection of the root attributes of the models reveals four groups of countries: (1) The majority of countries (14 in total) namely Spain, Kyrgyzstan, Lithuania, Italy, Ireland, Greece, Estonia, England, China, Moldova, Latvia, Kazakhstan, Israel, and Belarus are characterized by the attribute AimSex (the aim on the site is to find a partner for having sex). (2) Turkmenistan, Poland, Norway, France, Czech Republic, Canada, Bulgaria, Austria, USA, Uzbekistan, Ukraine, and Russia are countries in which the classification tree is splitted according to the Car attribute. (3) Turkey, Tajikistan, Georgia, Armenia, and Azerbaijan are characterized by MinMaxAge. This attribute holds the desired age range of a romantic partner. (4) The remaining four countries: Sweden, Finland, Belgium, and Germany are characterized by the kids attribute, which specifies whether the person does or does not have kids, whether the kids live in family or separately or if the person wants to have kids.
Cross-country similarity
In Section 4.3 we applied a decision tree construction process to the user profiles from 35 countries, and generated models that contain a number of rules that discriminate between females and males in a specific country. As mentioned already, classification trees are used for predicting the target class value. Usually, in order to estimate a classifier's predictive performance, the model is evaluated on a separate test set. In the context of our analysis, we have applied the classification rules generated for each country to the data of other 34 countries. The high classification rate in this case should suggest that there is a high similarity between user profiles (including user information disclosure) across countries. As a result of the evaluation, we have a 35-dimensional vector of classification accuracies for each of the 35 countries (including the training accuracy of the model on the data that was used to induce the model). We applied Multidimensional Scaling (MDS) [21] , a widely used data exploratory technique, on the 35 × 35 matrix of classification accuracies. MDS performs transformation of multidimensional space into a two-dimensional coordinates by preserving the Figure 1 shows the results of multidimensional scaling. It is possible to visually discern eight clusters according to the similarity in user profiles. Russia and Ukraine are located close to each other and can form the first cluster. Germany, US, Kazakhstan, Belarus, and Moldova are located close to each other and form the second cluster. Uzbekistan, Israel, Kyrgyzstan, Greece, England, Spain, and France are members of the third cluster. The fourth cluster includes Armenia, Turkey, Azerbaijan, Georgia, Turkmenistan, Belgium, and Canada. Sweden, Austria, Ireland, Finland and Czech Republic are in the fifth cluster. Italy is located equally distant from other countries and can be a single country in the sixth cluster. Estonia, Lithuania, and Latvia are in the seventh cluster. Tajikistan, China, Poland, Norway, and Bulgaria are located farther than other countries. We assign them to an eighth cluster. The first and the seventh cluster include countries that are located geographically close to each other. This may suggest that cultural similarities between those countries play a crucial role in the similarity of user profiles. Similar observations were reported in [22, 23] in the study of personality traits. Other clusters include a mix of close and faraway countries. For example, the fourth cluster contains five Asian countries geographically close to each other such as Armenia, Azerbaijan, Turkmenistan, Turkey, and Georgia as well as two countries situated in Europe and America. A notable feature of the cluster two is that Kazakhstan and Germany are located close to each other. While those countries are not located close geographically, it is known that a significant number of Russian Germans now living in Germany, immigrated from Kazakhstan during 1990s where their ancestors had lived in the late 19th Century.
A more consistent way to summarize the similarities is to explicitly cluster the countries according to the similarities and differences in member profiles.
We applied Farthest Neighbor (complete linkage) hierarchical clustering using cosine similarity between 35-dimensional vectors. Results of the clustering are shown in Figure 2 . It can be clearly seen that some clusters are discerned by geographically close countries. For example, Armenia, Georgia, Turkey, Azerbaijan, and Tajikistan are linked together at the first level of hierarchical clustering. Likewise, Russia, Ukraine, and Belarus or Uzbekistan and Turkmenistan. On the highest level of clustering, Estonia, Lithuania, and Latvia are linked with all other countries suggesting the considerable difference in member profiles between the three countries and the rest of the countries . 26  25  24  23  22  21  20  19  18  17  16  15  14  13  12  11  10  9  8  7  6  5  4  3  2 
Gender characterization
Since the space limitation does not allow us to present the whole list of rules generated for every gender and country, we provide a number of rule examples picked from the set of most frequent rules. We arbitrarily selected two representative countries from every visible cluster produced by the multidimensional scaling ( Figure 1 ) described in the previous section. Tables 5 and 6 show frequent classification rules that distinguish between females and males across countries. The rightmost column shows the number of males (M) and females (F) that correspond to each rule.
The inspection of the rules show some clear-cut patterns. The sex and car components are dominated in "male" rules (rules that classify a person as a male). Information about kids and the desired age of a romantic partner is dominated in "female" rules. A noteworthy feature found in "male" rules is that they are relatively short. There are cases where a single attribute can classify a person as a male like in the case of Bulgaria and China.
Conclusions
In this paper we investigated gender differences and patterns of information dislosure between countries in the context of dating sites using the Data Mining approach.
We applied decision tree construction algorithm to the user profiles from 35 most active countries using more than 10 million profiles from one of the biggest dating sites in the Russian segment of the Internet. We analyzed the induced classification rules and outlined differences between genders within and across countries. We used Multidimensional scaling and hierarchical clustering to analyze similarities and differences in member profiles and information disclosure across countries. The Russian-speaking residents of some geographically close and culturally similar countries exhibit higher similarity in information disclosure between user populations living in those countries.
We showed that social phenomena can be investigated by applying data mining methods to large quantities of user profile data, and that statistical analysis alone is not enough for finding interesting patterns. Our research overcomes the limitations of most previous studies, where the analysis was performed on small, non-representative and non-generalizable samples of the user population. However, some uncertainty is associated with the large-scale analysis of real profiles mined from a social networking site, since the analyst cannot verify the real purpose of profile creation (whether it has a serious intention or was created for fun). At this point, we assume that the majority of SNS users have real profiles that reflect their real self. Automated cleaning of profile data may be a subject of future research.
Our study provided insights into the patterns of gender differences across countries. The reasons for such differences can be unlimited: influences of the Table 5 . Frequent rules that classify females across countries. The rightmost column shows the number of females (F) in the dataset that are classified by the corresponding rule and the number of males (M) that correspond to the same rule hosting country' culture, immigration, spoken language, original culture, personal traits. Therefore, we could not provide exact explanations of such difference and did not attempt to speculate on possible reasons. Moreover, the meaning of gender differences could be explained by domain experts like anthropologists, culturalists, behaviorists or sociologists. Without a doubt further studies are necessary. Previous studies on gender differences [24, 15] have been carried out on a much smaller scale in the context of "digital divide"
4 . The results of such studies can affect design principles and guidelines and provide insights for the development of SNS and other information systems. However, these potential applications are beyond the scope of this paper.
The preliminary results provided in this paper are encouraging, though the work presented here is exploratory in nature. In our future work, we will apply more analytical methods to conduct all-embracing analysis of gender differences, user profiles, and information disclosure and work closely with social scientists to test hypotheses that so far have been evaluated on very limited amounts of user data.
